Abstract This study presents a method for using the CAPPI data from a weather radar to verify forecasts of 24 h accumulated precipitation from a numerical weather prediction (NWP) model, during 2010-2012. The radar used in this study consisted of a 2 beam width, Doppler and single polarization, S-band radar, located at the Meteorological Research Institute (IPMET) of Sao Paulo State University, Bauru, Sao Paulo, Brazil. A tuned version of the Eta model was used in the verification, though any model could be used with a few minor adaptations. The model, used actively at IPMET, had a horizontal grid spacing of 10 km, and was defined with the lateral boundary conditions from the Global Circulation Model of the Center for Weather Forecasting and Climate Research of the Brazilian Institute for Space Research. A linear correction was applied to the radar data, using selected rain gauges from the state of Sao Paulo's meteorological observation network, to create a reference series for both radar and NWP quantitative precipitation estimates. The reference data were used to verify the rainfall rates forecasted with the NWP, in terms of both their spatial distribution and the rainfall quantity at ground level. The results agreed well with the specific ranges of rainfall values, but there were situations where the radar data presented limitations for the verification. Ways in which to improve the methodology presented here are discussed. The current study provides an opportunity to use a high-resolution data set to verify predicted rainfall across a large spatial coverage, particularly in places which lack rain observational data.
Introduction
The state of Sao Paulo, in Brazil, is located between 20.43 and 25.28 south, and 44.32 and 53.05 west. It stretches from the coast (0 m above sea level; a.s.l.) up to the Pedra da Mina peak in the Sierra da Mantiqueira, 2798 m a.s.l. According to Peel et al. (2007) , the climate in the state is classified as warm temperate, or maritime temperate in the high elevation areas; inhabitants can expect conditions to be warm and moist in the summer, and cold and dry in the winter. However, Peel et al. (2008) performed a long-term data analysis of the daily precipitation regime in the state of Sao Paulo and showed that there has been a change in both the distribution and intensity of precipitation, with a significant trend for a wetter climate, mainly due to the increase of very heavy precipitation events. Liebmann et al. (2001) found that the state of Sao Paulo can experience heavy precipitation events, during which the daily total can reach more than 80 mm. They also described the influence of the South Atlantic Convergence Zone (SACZ); this is a zone of enhanced convection activity, which is most pronounced during summer, and extends from the Amazon Basin southeastward into the Atlantic, passing over Sao Paulo. It causes strong precipitation events, which mainly occur close to the coast. January and February (summer) are the rainiest months in the state of Sao Paulo, with more than 300 mm/month recorded in some places. In contrast, May to July is the driest period. The central part of the state follows a wellbehaved climate pattern, in which most of the yearly precipitation occurs during summer, and winter is characterized as a very dry period. In addition, frontal systems often travel from the south to the southeast of Brazil and pass over the Sao Paulo region. Sometimes these frontal systems are preceded by strong squall lines and complex convective mesoscale systems that cause a large amount of precipitation.
The state of Sao Paulo is responsible for most of Brazil's economic output and has the largest population in the country. Agricultural planning, reservoir hydraulic operations and severe weather hazardous mitigation within the state depend on quantitative precipitation forecasting (QPF), which is therefore essential for economic planning. For QPF, the Institute for Meteorological Research (IPMET), of Sao Paulo State University, in Bauru, uses the numerical weather prediction (NWP) Eta model, described by Mesinger et al. (1988) and Chou et al. (2005) . However, to assess the quality of the model outputs, as well as to maximize the usefulness of the information, the model requires an adequate verification system. This is often achieved using weather station data, but such data are not always available. In these cases, weather radar data can prove useful. Thus, the institute also maintains an S-band Doppler weather radar, located in Bauru. This study describes a methodology to use the historic data from the S-band Doppler weather radar to verify the NWP daily rainfall accumulation simulations. Within the study, the radar data are firstly verified and corrected, based on rain gauge data and using statistics. Then the corrected radar data are used to verify the NWP data.
Radar data have been applied to verify estimations of rainfall in many studies around the world. For instance, Gabella et al. (2004) compared the daily rainfall estimated by two NWP models with observational data derived from radar and rain gauges, within the Alps. They compared the data using aerial correspondence checks, for point-to-point, two-dimensional images and volumetric analyses, and by examining portions of the data distribution. Their results showed a good agreement between the radar data and rain gauges, but disagreement between one of the models and observations, because the model failed to capture the underlying physical processes controlling the precipitation.
As the horizontal resolution of models increases, weather radar data have been found useful to validate the verification approaches of NWP rainfall distribution estimates, as described by Ebert and Gallus Jr (2009) , through the contiguous rain area (CRA) method. A validation of NWP using weather radar data can be found in Berenguer et al. (2005) , who also included a review of the main QPF techniques applied for hydrological purposes. In Brazil, Calvetti and Pereira Filho (2014) used radar and satellite data to produce quantitative hourly rainfall estimates, and verify QPF estimates from NWP ensembles, for a hydrological application of the Iguassu river basin, in the state of Parana.
Weather radar data have been used to calculate radar rainfall rate (RR) estimates for almost 70 years (see Laws and Parsons 1943; Marshall et al. 1947; Marshall and Palmer 1948; Marshall et al. 1955) . RR is related to the radar reflectivity factor (Z), hereafter defined as the ZR relationship:
where a and b are empirically obtained constants and Z is calculated from Probert-Jones equation (1962) . In the present study, the Eq. (1.1) is used to estimate RR from reflectivity values obtained using with the weather radar in Bauru city. The aim here is to define a rainfall rate field that can be used as reference series to verify the rainfall forecasted using a NWP model. Two ZR relationships, identified from many found in the relevant literature, are evaluated: Marshall et al. 1955 , suitable for stratiform precipitation); and Z ¼ 250 Â R 1:2 , (from Rosenfeld et al. 1993 , suitable for convective precipitation).
Discussion about target scattering amplitudes goes beyond the scope of this study; however, the attenuation of radar energy that occurs when the beam passes through a water precipitation area can limit the quantification of the radar return signal. According to Doviak and Zrnic (1984) , the attenuation is insignificant for a radar with a wavelength of 10 cm, as used in the present study.
The analysed data from the S-band radar, used in the present study, correspond to 3.5 km Pseudo-CAPPI data, as described by Vaisala (2014) , and hereafter referred to as CAPPI. The radar covers an area of 480 Â 480 km 2 (Fig. 1) . The Sierra de Botucatu is about 100 km southeast from the radar. The 3.5 km CAPPI was found to be the most suitable, covering elevations that are sufficiently high to avoid ground clutter (see Silveira and Holt 2001 , for definition and examples) as well as beam blockages, but below the melting layer, at a range of 120 km.
Weather radars are susceptible to many problems, such as imprecision resulting from the conversion from the reflectivity factor to ground rainfall rates, the misclassification of hydrometeors and sampling of the volumetric data. This study aims to address these questions and ways to overcome the problems. It also aims to provide a way to derive rainfall accumulation amounts from the weather radar data, to enable the verification of the NWP model rainfall (MR) forecasting outputs. In the next section, the weather radar characteristics and the data used in this study are explained. In Sect. 3, the main characteristics of the atmospheric model are described, as well as the methodology used for its verification with the radar data. The results are presented in Sects. 4, and 5 contains the conclusions and possible applications of the study.
2 Description of the Bauru weather radar and preparation of the radar data
The meteorological radar used in this study was located at the IPMET of Sao Paulo State University, in the centre of the state of Sao Paulo, Brazil. It is an EEC S-band (2.8 GHz), single polarization and Doppler radar, with beam width of 2 that is transmitted from a 4 m diameter antenna, as summarized in Table 1 . The radar was controlled through the Radar and Antenna Control system RCP8, and the signal processing software used was the Sigmet RVP8 (Vaisala 2014 (Doviak and Zrnic 1984) , from digital signal processor (DSP) spectrum. The rainfall information was only stored through the composition of CAPPI data and corresponds to different heights. As before mentioned, this is a Pseudo-CAPPI, which is a combination of the usual CAPPI data and a filling procedure. Thus, at a given height, a radar parameter was obtained, by interpolation of data from adjacent elevation angles, and the near/far radar ranges were filled with data from highest/lowest elevation angles. To determine the most adequate CAPPI height to be used for rainfall accumulation, an evaluation of the derived rainfall data was performed.
The ground clutter contamination can be visually observed through using the rainfall accumulation data from three CAPPI heights (2.0, 2.75 and 3.5 km), as depicted in Fig. 2 , for 23 March 2010. The amount of ground clutter in neighbourhood of the radar decreases substantially with an increase in height, and no serious effect on the precipitation area was produced. However, clutter echoes remained in the 3.5 km CAPPI data; most of them were identified by computing the frequency of the accumulated rainfall over the period of 24 h periods, from 2010 to 2012, for the whole radar domain. Precipitation levels above 0 mm, equal or above 0.1 mm and equal or above 1.0 mm were considered (Fig. 3 ). In addition, large frequency of rainfall events corresponded to radar pixels that were contaminated with clutter (Fig. 3a) . To illustrate, one can compare this to the terrain map in Fig. 1 ; note the position of the mountains surrounding the radar. Applying the 0.1 mm threshold eliminated most of high frequency echoes, although ground clutter was still observed, as depicted in Fig. 3b . Thus, a further clean up of the ground clutter data was carried out, by eliminating the pixels for which the 24 h rainfall accumulation was less than 1.0 mm (Fig. 3c ). This was a more conservative threshold, which produces data showing that the rainfall frequency is less than 40%, which agrees with the climatologically observed pattern in the region (not shown, see WMO 1996 for reference of the climatological frequency of rainy days, over 1.0 mm of accumulation, in the state of Sao Paulo). Although this approach eliminated both ground clutter and precipitation, it guarantees that less contaminated data were used to verify the NWP QPF. An additional problem of weather radar measurements is the anomalous propagation of electromagnetic waves through the atmosphere, called ANAPROP, described by Bean and Dutton (1968) . According to the refractive properties of the atmosphere, the trajectory of the radar beam can bend in excess, which causes multiple reflections towards the ground, at distances that are beyond the maximum radar range. To avoid the use of data with this source of contamination, ANAPROP was manually identified, and the days when the problem occurred were eliminated from the data set. Although this approach was not an automatic procedure, it helped to clean up the radar data prior its use for NWP verification; in total about 7 % of the radar data were eliminated in this way.
One disadvantage of using the 3.5 km CAPPI data was that, although the height was below the melting layer for the region, there was a large distance (3.5 km) between the data collection point and the ground. Because of this, atmospheric processes that can affect the precipitation accumulation rates, such as evaporation and advection to neighbouring pixels, might happen in the layer from the surface up to 3.5 km, reducing the accuracy of the data. To overcame part of these effects, further correction of the radar data was applied using the ZR relationship, as discussed below.
Following the data correction for ground clutter and ANAPROP, 3 years of data were selected (2010) (2011) (2012) , to estimate the radar rainfall (RR) using the ZR relationship. To select an adequate ZR, the RR data were compared to three rain gauge precipitation (GP) data sets, from Bebedouro, Jau and Piracicaba, in the state of Sao Paulo (Fig. 4) . Whereas the number of rain gauges used in the work will be explained later in this section, these particular gauges were selected because they were in meteorological stations that were well maintained and the data were available under good quality, for the whole period of the work. The RR data were obtained using the RAINN (N-hour rain accumulation) from VAISALA's SIGMET/IRIS (Significant Meteorological Information/Interactive Radar Information System). This derives the rainfall from reflectivity factor values, accumulates them on suitable timeframe and produces the 3.5 km CAPPI rainfall product. Two estimates of radar rainfall RR were derived using a and b coefficients from Marshall et al. (1955) and Rosenfeld et al. (1993) and compared to the GP.
The overall results show that the radar underestimates the precipitation accumulated over 24 h, when compared to the three rain gauges. Figure 5 depicts the daily accumulation of ground precipitation in Bebedouro, for the period 2010-2012, derived from: Marshall-Palmer ZR relationship at the top, Rosenfeld's ZR in the centre; and the GP at the bottom. There were some peaks in the rainfall derived using Rosenfeld's ZR relationship (i.e. convective precipitation), in which individual values are greater than the GP observations. However, in general rainfalls from both radar time series underestimate the GP observations, particularly using the Marshall-Palmer relationship. This probably occurs due to the regional rainfall characteristics, which are predominantly convective. The time series for the other two stations are similar (data not shown). In addition, the differences between RR and GP observations (RRÀGP) at the three stations, considering both the stratiform and convective ZR relationships, are often negative (Fig. 6 ). Statistical comparisons between radar estimated rainfall and that observed with the rain gauges indicate that the radar systematically produced a reasonable estimate of the observed rainfall, despite the differences found and the distances between the stations and the radar (Table 2) . Moreover, the scatterplots show a linear correlation between the radar and rain gauge accumulated daily rainfall data, with correlations between 0.69 and 0.81 (Fig. 7) . In this figure and in the following derivations, only data that are greater than 1.0 mm and (RRÀGP) [ ðGP þ 2sdÞ were used, where sd is the GP standard deviation. When the RR data are compared with the aggregated data of the three rain gauges, correlations of 0.76 and 0.71 are found for the RR data derived using the stratiform and convective ZR relationships, respectively (Fig. 8) ; these are similar trends to previous results (Table 3) . Either of the two ZR expressions could have been used at this stage to derive the radar rainfall accumulation, but the convective ZR relationship was preferred as it better approximated the empirical cumulative distribution of the gauge precipitation (Fig. 9) , and more closely resembled the type of precipitation expected in the state of Sao Paulo.
Once the error characteristics of the radar, in underestimating the observed rainfall using the convective ZR relationship, were identified, a correction of the systematic error could be derived. A linear regression was applied to the radar data set, using the rain gauge data set as the explanatory variable, as in the Eq. (2.1).
where RRc is the daily corrected radar rainfall accumulation, estimated with Rosenfeld's ZR relationship. The reader should note that the correction of Eq. 2.1 is only applied to pixels identified as raining in the radar. A comparison of the monthly totals of RRc and RR with the GP observations observed at the three stations shows that the performance of the radar rainfall correction data was generally impressive (Figs. 3, 10) . However, there were cases where it did not perform well, for example in March 2011 for Bebedouro, and in January 2011 for Jau. In these cases, which were during the summer season for the Southern Hemisphere, the station gauges reported large amounts of daily rainfall, due to deep convection in the region and the radar did not quantify the precipitation during these events well. This is possibly due to distance and the blockage of the beam by mountains, in respect of Bebedouro and Jau, respectively. Nevertheless, the correction also performed well when applied to a test data set, that is, data from 2009, which were not used in the calibration procedure, from the Bebedouro and Piracicaba rain gauges, as shown in the plots of Fig. 11 .
The above procedure resembles previous approaches for the quality control of radar data, mainly used to obtain reliable quantitative precipitation estimates (QPE) using weather radar. For instance, Chumchean et al. (2006) applied an integrate approach, which comprised the correction of reflectivity measurements, a combination of convective and stratiform ZR conversions and rain gauge . From top to bottom, the time series plots correspond, respectively, to the derived RR using Marshall et al. (1955) ZR relationship, to the derived RR using Rosenfeld et al. (1993) ZR relationship and the rain gauge precipitation adjustment through a Kalman filtering method. Their approach was very efficient at reducing error, more effectively than methods that consider just one source of error. Holleman (2007) described a mean-field bias adjustment algorithm, applied to 3 h radar rainfall accumulation data, and verified it using a long-term evaluation period; this substantially improved the QPE, by removing the meanfield bias. Both approaches are very useful for deriving a reliable field of ground precipitation by merging radar and rain gauge data. However, they differ from the methodology used above, as the aim here is to calibrate the radar data using point observations (which in the current application are from the three rain gauges), and then use the corrected radar estimates to verify NWP QPF. One advantage of this procedure lies in the possibility of using a few rain gauges, in case a more accurate blend analysis cannot be obtained. Tests with six more stations in the calibration process were also conducted, but they did not produce improvements in the results presented here (data not shown).
Another procedure carried out to prepare the radar data from Bauru, as reference for the NWP verification, was the interpolation of CAPPI data. These data were originally in azimuthal coordinates, and then were transformed to a All data -6.8 13.4 -4.6 13.8 - Fig. 7 Scatterplots of daily derived radar precipitation (mm) against observed daily precipitation (mm) for the three rain gauges, at Bebedouro, Piracicaba and Jau, from top to bottom of the figure, respectively, and considering ZR due to Marshall et al. (1955) , to the left, and Rosenfeld et al. (1993) , to the right. The dotted line represents the perfect fit. Note that only RR data that are greater than 1.0 mm and GP, in which (RRÀGP) [ ðGP þ 2sdÞ, were used; thus, not all pairs (RR, GP) were presented Application of weather radar CAPPI data... 733 rectangular latitude/longitude grid, by spatial averaging. The procedure implies a loss of accuracy, as does the production of CAPPI data itself, but it was found adequate for examining the NWP QPF data. Nevertheless, the resulting CAPPI data set had the same grid spacing as the tested model (10 km 2 ). The total domain was a 48 Â 48 cell grids, resulting in a total area of 230,400 km 2 .
Atmospheric model characteristics and verification methodology
After the linear regression procedure was applied to the 3-year data set, the corrected radar rainfall data were used to verify the accumulated rainfall derived from the NWP model. Any model can be used for this purpose, but the Eta was used, because it was the model used at IPMET and daily data that were suitable for the current research were available. The model is called Eta due to its use of the g vertical coordinate, as described by Mesinger et al. (1988) . The configuration used was the same as that used by the Brazilian Institute for Space Research (INPE) of Brazil. The major features of the model applied for the current study follow the description of Chou et al. (2005) : the Eta vertical coordinate; the forward-backward scheme to differentiate timing of gravity-wave terms; the Arakawa approach to differentiate spacing, with conservation of enstrophy and energy; the energy conservation in the transformations between the potential and kinetic energy, in differentiating spacing; the hydrostatic approximation; the convective precipitation was produced using KainFritsch scheme (Kain 2004) ; and the surface hydrology was solved with Chen scheme (Chen et al. 1997) , which distinguishes twelve types of vegetation and seven types of soil texture. The prognostic variables were precipitation, temperature, surface pressure, turbulent kinetic energy and cloud liquid water ice. The model data used in the current study corresponded to three consecutive periods of 24 h rainfall accumulation after the model initialization, with horizontal grid spacing of 10 km, extending from 24.5133°to 20.1875°S and from 51.3951 to 46.6599 W, using the lateral boundaries of the Global Circulation Model of the Center for Weather Forecasting and Climate Research (CPTEC) of INPE, from 23 March 2010 (Fig. 12) .
Three years of NWP prognoses (2010) (2011) (2012) were used for the verification, corresponding to 791 cases of 24 h, 789 cases of 48 h, and 787 cases of 72 h rainfall forecasting. A verification methodology was applied, following Jolliffe and Stephenson (2011) , based on the binary agreement of two classes that was considered for every mesh of the model grid, that is, if rain was predicted in the grid cell, or not. A contingency (Table 4 ) was used to analyse the categories associated with the occurrence, or not, of rainfall in the radar grid cell. Four situations were possible, and the number of times each of these occurred was counted:
-An observed event of rainfall according to the radar was forecast by the NWP (n 1 ¼ number of hits); -An observed event of rainfall according to the radar was not forecast by the NWP (n 2 ¼ number of misses); -Rainfall was forecast with the NWP and it did not occurred in the radar grid cell (n 3 ¼ number of false alarms); -Rainfall was not observed according to the radar grid and it was not forecast by NWP (n 4 ¼number of correct non-events).
The results computed for the contingency table were summarized with the probability of detection (POD) index, as in Eq. (3.1)
and by the false alarm rate (FAR) index as in Eq. (3.2)
Another index related to the ratio of rainfall forecast to the actual observed rainfall was also calculated, called the frequency bias index (FBI), as described by Rossa et al. (2008) : 
The FBI can range from zero to infinite, but unbiased FBI value is 1.0. Values less than 1.0 indicate that model predicts rain less frequently than is observed (under predicts), and values greater than 1.0 indicate that the model predicts rain more often than is observed (over predicts). In addition to the categorical verification of the occurrence of rain in each grid cell, an evaluation of the quantitative rainfall forecasting was performed. The ability of the model to predict the daily rainfall accumulation within each grid cell was examined if agreed with the radar at intervals of the distributions (Table 5) : when there was no precipitation (no rain; A interval); the first quantile of 25 % (weak precipitation; B interval); the quantile from 25 to 75 % (moderate precipitation; C interval) and the quantile of 75 % (heavy precipitation, D interval). Besides examining of the structure of the mean-field of precipitation, this analysis was useful for checking the performance of the model in predicting rainfall within these quantiles. Thus, the empirical cumulative distribution functions of MR and RRc were computed, to provide an overall comparison and for examining the quantile differences. An index was then computed, to express the proportion of the correct quantile prediction index (PCQI): 
where q ij is 0 if the model does not predict rain within a given quantile interval and 1 if it does; j represents the cell number and i is the event number. N is the total number of events for each of the forecast periods over 3-year time period (791, 789 and 787, for 24, 48 and 72 h, respectively) . The results are given as maps of PCQI for each of the interval quantiles and they can be interpreted as the ratio of correct predictions within each cell of the domain and within the specific range of values.
Model verification results
The verification indexes were computed by checking every output of the NWP model for the rainfall parameter. The analysis was restricted to the area within the 120 km range, because of the limitation of the radar in detecting precipitation beyond this range. The results for the three 24 h accumulation periods are summarized in Table 6 and they correspond to the average values over the entire radar grid between 2010 and 2012. The average values of POD indicate that there was a good agreement between the forecasted and observed rainfall values. Although, they Application of weather radar CAPPI data... 737 also suggest slight differences among the forecast time periods and that the results were better for the time periods that were closer to the NWP initialization time. However, the average FAR was large for each of the three forecast periods, in that the NWP simulated rain in the radar grid in about half of the non-events; this is a poor result with respect to the ultimate uses of the NWP data. For example, if large areas of rainfall are falsely estimated, this will not be effective for applications such as crop irrigation planning.
Further assessment considers the spatial distribution of the 3-year POD average (2010) (2011) (2012) at each grid point and shows differences among the forecast periods (Fig. 13) . The values of the POD decreased with an increase in the forecast initialization time. This is particularly so in grid points that corresponded to either mountainous regions or those where there were horizontal changes in the terrain height (for example, see the 72 h forecasts in Fig. 13c and compare these to the Fig. 1) .
The spatial distribution of the FAR shows that, for some points, lower FAR percentages were associated with higher POD percentages (Fig. 14) ; this can be interpreted as a good performance of the Eta model forecasting. Thus, as it can be observed in Fig. 14a , b, the darker areas correspond to low FAR percentages and were computed for high elevation grid points, such in the Sierra de Botucatu, close to the radar.
The FBI results revealed that the model over predicted rain in most grid points (Table 6 ; Fig. 15 ). However, many values were between 1.6 and to 2.0 and there were places where the values were between 1.2 and 1.6. The latter correspond to mountainous places, such as the Sierra de Botucatu (Fig. 1) .
In terms of the quantification of rainfall, for forecasts more than 24 h from the NWP initialization, the Eta underestimated the low portion of the rainfall distribution, i.e. QMR 25 \QRRc 25 (Fig. 16a ). The third model quantile (QMR 75 ) was close to the third radar quantile (QRRc 75 ), despite the differences in Quantile-Quantile (Q-Q) plot (Fig. 16b) . In addition, the PCQI (which expresses the overall percentage of the correct prediction in a given radar pixel) results revealed that the agreement, in the temporal distribution MR and RRc, was only about 50 % (Fig. 17a) . Nevertheless, a systematic feature of the Sao Paulo state rainfall can be drawn from these results, related to the orientation of synoptic and mesoscale precipitation systems that pass over the region (see Silva and Kousky 2012 as reference); it resembles the pattern formed by the 50-55 % verification range, observed in Fig. 17a . Since it is a strong feature in the data, it is worthwhile to mention that the NWP model captured these atmospheric processes, as can be seen in the case of a cold front system that reached the state on 02 January 2011, as depicted in Fig. 18 . However, in this event, the model produced more convection than it was observed in the radar and thus the rainfall was overestimated (Fig. 18c) ; though it is an expected result from the verification, the investigation of this aspect of the NWP model is beyond of the scope of the current study.
The results of PCQI for the B interval quantile (Fig. 17b) were weak for most of the grid points, since the NWP underestimated the observed precipitation for this interval (Table 5 ). The results obtained for the separate C and D intervals, as shown in Fig. 17c, d , tend to approximate to the result of the entire distribution, despite the observed errors at individual pixels. Furthermore, higher values of PCQI in Fig. 17d revealed an agreement of the distributions of MR and RRc (Fig. 16 ) in its upper portions, which is related to the forecasting of deep convective and orographic precipitation systems. However, the reader should be aware that this agreement is in the temporal distribution of MR and RRc, since the comparison of rain amount, as shown in the Q-Q plot (Fig. 16b) , showed a less favourable pattern for higher quantiles.
Conclusions and further work
The main aim of the current study was to show that rainfall data derived from radar reflectivity could be an effective tool to verify NWP rainfall forecasts, despite inherent problems of the available weather radar data. Even the most powerful polarization and Doppler weather radar can still present problems when quantifying rainfall. Nevertheless, the approach in this study applied a linear correction to the radar data, based on ground rain gauges irregularly placed in the area of the radar. By correcting the radar data, unrealistic data were eliminated from the data set. A further cleanup procedure was performed to remove ground clutter from the data. Rosenfeld's ZR relationship was then used as reference series to examine the NWP forecasted data set. The choice of this ZR relationship, which is often used for convective precipitation, relies on the fact that it closely resembles the characteristics of the precipitation systems expected in the state of Sao Paulo. A better algorithm for the classification of precipitation types according to the ZR expression will allow more accuracy in the radar calibration for the future improvement of this work.
Indices were computed for binary verification of the rain forecasting in a given model grid cell. The results showed a good agreement between NWP rainfall forecasts and the radar derived rainfall, as indicated by the POD of each radar grid point. However, though the Eta model performs quite well in terms of hits, the false alarm rate average is close to 50 %.
The rainfall accumulation, in three 24 h periods after the model initialization time, was verified by comparing the rainfall distribution forecasted by the model and observed by the radar. The total distribution and interval quantiles were examined. The results for the level of agreement (maps of PCQI) indicated that the NWP forecasted rainfall differed from the observational data for the low quantile interval, but was between 30 and 55 % of the observational data for the moderate quantile and between 20 and 55 % for the heavy quantile. This is a reasonable agreement, especially because the model captured features of the meteorological systems that pass through the Sao Paulo state, such as instability lines and cold fronts, as showed in the event of rainfall accumulation over 24 h, from 01st to 02nd January 2011.
There is room for improvement of the current study. The correction of radar derived rainfall accumulation will be improved using more rain gauges within the radar aerial coverage; these should focus on locations in which there are misclassifications of echoes, e.g. in mountainous areas, where the false alarm rate results are high.
The current study provides a useful methodology for the verification of NWP prognoses in places which lack ground-based validation sources, as the radar information can cover large areas with narrow horizontal grid spacing. It is also useful for those who only have access to radar CAPPI data and need to certify the quality of their NWP rainfall forecasts for multiple purposes. The results Table 5 , expressing the NWP performance for predicting rainfall, after 24 h of model initial time, in the radar grid point as: a the overall result for the entire distribution, considering all quantile intervals; b considering only the B quantile interval, which corresponds to weak precipitation; c considering only the C quantile interval, which corresponds to moderate precipitation and d considering only the D quantile interval, corresponding to heavy precipitation Application of weather radar CAPPI data... 741 presented in this study showed that the Eta model performed well, in terms of capturing the important features of rainfall, for the state of Sao Paulo, an area in the tropics, though it was not so effective for the quantification of rainfall. Thus, the work can be used for tuning of physical parameterization schemes of Eta model, such as convection and other associated processes, for improvement of its performance.
